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Introduction
Trade liberalization is good for growth, and growth is good for the poor. This argument is simple but powerful. It has served as the departure point for discussion of the link between trade and poverty among economists and policy-makers, regardless of whether and to what extent they buy this argument. Krueger (1998) considers the inefficiencies that import substitution strategy creates and argues that trade liberalization undertaken at a period of low or negative growth rates can normally lead to a period of higher growth rates. Bhagwati and Srinivasan (2002) emphasize the empirical evidence of China and India. That is, these two giant economies achieved faster growth and poverty reduction through greater integration into the world economy. Dollar and Kraay (2002, 2004) use cross country regression to support this argument.
However, there are also many researchers who have strong reservations about this argument for at least two reasons. The first is methodological, Rodriguez and Rodrik (2001) for example severely criticized earlier studies supporting this argument because the measurement or the method is flawed. Ravallion (2001) points out that working with aggregate numbers can be misleading.
The second reason is the possibility of an adverse impact of trade liberalization on the poor. As pointed out by Winters (2002) , there are a number of reasons why the poor may be adversely affected by trade liberalization. Important links include the change in prices of goods and services that poor households transact in relatively large amounts. Trade liberalization and poverty are also connected though government revenue and vulnerability of the economy to negative external shocks. Winters et al. (2004) provide an extensive survey on the relationship between trade liberalization and poverty. While they find no simple relationship, the empirical evidence broadly supports the notion that trade liberalization alleviates poverty in the long run and on an average basis. Yet, trade liberalization almost always creates winners and losers, and the losers may well include poor people.
Trade liberalization would be difficult to justify from the standpoint of poverty reduction if it adversely affects this group. This point is especially important in a country where a substantial portion of the population lives below or close to the poverty line. Aggregate growth alone is not enough to justify trade liberalization policies, particularly if poverty could worsen. Governments may not want to forgo liberalization, but must carefully choose the right mixture of policies, and be ready to implement mitigating policies when necessary.
Some argue that it is indeed possible to do so. Using a computable general equilibrium (CGE) model with a detailed panel of households, Harrison et al. (2003) argue that trade liberalization in Turkey can be designed to ensure that the poor will not lose by using direct compensation to the losers or by using limited policy reform. Their research is an improvement from previous work with very limited treatment of heterogeneity among households. However, making side payments for particular segments of households is not straightforward. As they noted, limited policy reform may induce rent-seeking.
In this study, we consider geographic targeting as a way to direct progressively more resources to areas that are least favourably affected by trade liberalization. Geographic targeting has several advantages. It is easy to understand and straightforward to implement. The distortion caused by geographic targeting is usually considered small because the cost of changing locations, especially for the poor, is often prohibitively high. Further, many countries already have some sort of programmes targeted to poor areas. We only need to modify the set of areas to make the programme more efficient for poverty reduction, instead of implementing a new programme. Hence, given the preexistence of such a programme, the political cost would also be relatively small.
Of course, the formulation of an effective policy of geographic targeting requires the knowledge of the changes in spatial distribution of the poor after market liberalization. Economic research has provided only limited guidance in this area, because socioeconomic survey data with high temporal and spatial resolution needed for poverty monitoring are usually unavailable. Although policy makers need information on detailed incidence of trade liberalization, prior studies on these impacts were able to provide estimates only for a few representative household categories, very limited spatial decomposition or none at all.
To overcome the limitations of previous studies and elucidate more detailed incidence, we synthesize microsimulation, economy-wide CGE modeling, and small area estimation in an application to Vietnam's WTO accession. This new generation of analytical tools reveals the incidence of trade liberalization at an unprecedented level of microeconomic and spatial detail. We present our results in the form of maps, which help policy makers visualize the spatial impact of trade liberalization on the poor, facilitating the design and implementation of geographically-targeted assistance. The approach set forth in this paper is readily applicable to other countries and can help enlarge the scope of the benefits of trade liberalization across a wider variety of countries and populations. Our study sheds new light on the geographic properties of poverty. It also helps to resolve the conflicts between 'Finance Ministry' and 'Civil Society' orientations, as described by Kanbur (2001) , by offering a solution in which all the relevant parties including the poor can enjoy the benefits of trade liberalization.
The paper is organized as follows: in Section 2, we review relevant studies on trade liberalization and poverty in Vietnam. Section 3 describes the data sets we use and discusses the measurement of poverty. We then develop the methodology in Section 4. We first explain the schematic structure of the methodology and then present it formally. Section 5 presents the results, followed by conclusions in Section 6.
Trade liberalization and poverty in Vietnam
Since the introduction of Doi Moi (Renovation) in 1986 and further market-oriented reforms in 1989, most of the elements of Vietnam's centrally-planned trade regime had been removed by the early 1990s. These reform policies were extremely successful and resulted in very high growth rates of output and exports. The reform generally continued through the late 1990s and tariff measures associated with membership in the ASEAN Free Trade Area (AFTA) were implemented. Since then, the bilateral trade agreement between Vietnam and the United States in 2000 has given additional momentum to the reform process.
As standard economic theory would predict, trade liberalization has generally been beneficial to the overall Vietnamese economy and to its trading partners. Fukase and Martin (2000) estimate that aggregate Vietnamese welfare gains from the US granting most-favoured-nation status would be about USD 118 million annually, or about 1 per cent higher average real income per capita. Using a multi-sector CGE model, Heng and Gayathri (2004) predict that participation in the ASEAN-China Free Trade and the ASEAN-Japan Free Trade agreements will bring about positive and significant welfare gains to Vietnam. The CGE simulation of various trade liberalization policies by Fukase and Martin (2001) also suggests that the higher level of welfare can be achieved from more comprehensive liberalization. It is beyond dispute that market-oriented reforms have contributed to poverty reduction in Vietnam. Jenkins (2004) argues that improved employment brought about by the growth of exports is one potential way in which globalization has had a positive impact on poverty.
As part of its accession agreement, Vietnam has made substantial commitments to trade policy reforms. These include lowered import tariffs, reduced coverage of tariff rate quotas, removal of export subsidies and non-tariff barriers, the opening of some service sectors, compliance with the agreements of trade-related investment measures (TRIMs) and trade-related intellectual property rights (TRIPs). Further, the state owned enterprises need also to be reformed. 1 Anderson (1999) argues that after the successful accession to the WTO, and given that some appropriate measures are taken, a number of broad-brush effects can be anticipated, including economic growth, expansion of agriculture and export-oriented light manufacturing, enhanced food security, more equitable income distribution, and increased government revenue.
However, the higher economic growth induced by further liberalization does not automatically imply reductions in poverty or inequality. Jensen and Tarp (2005) , for example, predict that poverty will rise following a revenue-neutral lowering of trade taxes. Niimi et al. (2004) show that the employment in garment and textiles industries has been adversely affected in the 1990s by trade policies. Liu (2001) analyzes poverty and inequality of Vietnam using the Vietnam Living Standards Surveys (VLSS) 1992-93 and 1997-98. While Vietnam achieved a very rapid poverty reduction before the US bilateral trade agreement or WTO accessions, rural areas have lagged behind urban areas and overall inequality has increased slightly. Decomposition of inequality measures shows that urban-rural and regional differences have been the major source of rising national inequality over time.
Indeed, not everyone in Vietnam has benefited from the broad improvement in living standards, as indicated by results such as Litchfield and Justino (2004) . Using the VLSS datasets, their regression model of the change in consumption suggests that there are large differences in household performance in different regions. Glewwe et al. (2002) also reported similar findings using the VLSS datasets.
One of the factors that significantly affected the probability of escaping poverty during the 1990s was location. Urban households, as well as households in the Red River Delta and the South East, had a higher probability of escaping poverty. Tarp et al. (2002) appraise the consequences of Vietnam's shifting import and export patterns and argue that trade and other reforms will not realize their full potential for all Vietnamese households in the absence of deliberately corrective fiscal measures. Further, Le and Winters (2001) argue that there is an imbalance between aid which promotes economic growth and aid which directly targets the poor. They also argue that aid is not regionally directed in a manner conducive to poverty alleviation and is urbanbiased.
All of the above observations motivate us to examine the spatial dimension of trade policy incidence and its implications for poverty. Changes in the spatial distribution of poverty have some practical importance as well, because such changes alter the efficient geographical targeting scheme. However, previous studies gave little guidance about how to shift resources in response to a changing macroeconomic environment. In this study, we show which part of the country is least likely to benefit from trade liberalization. In addition to contributing to Vietnam evidence to the more general debate on globalization and poverty, these results provide guidance for those policymakers who want to formulate geographic targeting policies for poverty reduction.
Data and measurement
We combine four different data sets in this study. First, the information required is a socioeconomic data set. We use the VLSS 1997-98 data set, which contains a wide array of microeconomic data, such as information on housing, employment, household enterprises, income and asset holdings. The survey was conducted by Vietnam's General Statistical Office (GSO). The United Nations Development Programme (UNDP) and the Swedish International Development Agency (Sida) provided financial assistance whereas the World Bank provided technical assistance. The sample of VLSS 1997-98 is nationally representative and stratified into two groups representing urban and rural areas. The number of households in the sample is, 4270 in rural areas and, 1730 in urban areas (World Bank, 2001 Let us now briefly discuss the measurement of poverty. In the standard analysis of socioeconomic survey data such as the VLSS, poor people are defined as those living in households whose per capita consumption is below the poverty line. Consumption has several advantages over other income measures and proxies. First, it is a money metric measure and easy to interpret. Second, it does not vary in the short run, unlike income. Despite these advantages of consumption, however, we use the per capita income measure for the household. This is because we need to aggregate the information in the VLSS data set in a way that is consistent with the SAM and to allow the individuals in the microsimulation to switch their employment status. We shall come back to the details of this point in the next section.
To calculate the income measures, we first identified the employment status of all the individuals in the potential labour force. We regarded individuals aged between 15 and 64 who are not students or invalid as being part of the potential labour force. We then classified those in the potential labour force into the following three categories: (1) wage earners, (2) self-employed and (3) not-working. Wage earners are those who earn any wage income and do not engage in the household enterprise. Self-employed people are those who engage in at least one of their household enterprises. All the other people are defined as not-working. Employment status is available in both the census and survey data sets.
We calculated wage incomes for wage-earners and non-wage household incomes for all the households on the annual basis using the VLSS data set. To find the non-wage household income, we calculated the sum of incomes from each household enterprise, asset incomes and transfers. We summed all the wage incomes in the household and the non-wage household income, and divided by the household size to arrive at the per capita income measure. To remove the seasonal and regional price variations, we apply the same price deflator as the one used to calculate consumption poverty.
It is useful to look at how income and consumption measures differ. Table 1 provides some summary statistics for the per capita consumption and income measures. The national-level mean of the per capita consumption is about 13 per cent lower than the corresponding figure for the per capita income, while the standard deviation for the consumption is about half as that for the income.
The comparison of column 1 and column 5 gives the differences in mean per capita income and consumption at the regional level, at which the VLSS is representative. The number of households and population share of each region are reported in Column 9 and Column 10. At the regional level, income and consumption exhibit a very similar pattern and their correlation is higher than 0.98. Even at the individual level, the correlation is as high as 0.64.
We can also compare the consumption-based poverty ( ) The poverty rates are identical by construction, but there may be regional differences. This can be checked by looking at Columns 3 and 7. It turns out that the spatial distributions of income and consumption poverty are reasonably close, though there are two notable differences. First, in the Red River Delta, the income poverty is much higher than the consumption poverty. On the other hand, in Mekong River, the consumption poverty is much higher than the income poverty rate. Overall, income and consumption measures show a similar pattern of spatial distribution, though income measure is on average a much noisier measure than consumption.
Methodology
Estimation of poverty and other economic indicators at the level of small geographic areas is generally constrained by the availability of representative data. In Vietnam, the VLSS data do not support reliable poverty measures even at the provincial level because the sampling strata are more aggregated than provinces. However, the small area estimation (SAE) developed by Elbers et al. (2002 Elbers et al. ( , 2003 has enabled us to reliably estimate measures of poverty and inequality at a spatially disaggregated level.
The SAE approach typically combines survey and census data source. Consumption or income regression models are estimated with the survey data set. The regressors contain only the variables in the geographic data set or the variables that also appear in the census data set. The left-handside variable is then imputed to each census record and aggregated to obtain poverty and inequality measures of interest. Using a Monte-Carlo simulation technique provided by Elbers et al. (2002 Elbers et al. ( , 2003 , imputation and aggregation are done repeatedly to develop point estimates of poverty and inequality measures as well as their associated standard errors.
The SAE estimates of poverty rates are often plotted on a map, and conventionally named a poverty map. The poverty map is visually immediate and popular among policy-makers and other stakeholders. The SAE estimates can support geographic targeting policies to focus assistance on the neediest people. Such estimates can also be used to analyze the spatial relationship between poverty and geographic variables. In Vietnam, Minot (2000) created a poverty map using the VLSS 1992-93 and the Agricultural Census for 1994 with the probit model. Minot et al. (2003) have produced consumption-based small-area estimates of poverty and inequality using the VLSS 1997-98 and the Population Census for 1999.
Although the SAE estimates are useful, limitations remain. Since existing SAE techniques can only generate static maps, they do not reveal how the poverty map will change as a result of changing macroeconomic environment. Hence, the geographic targeting policy based on the static SAE estimates may be inappropriate after Vietnam's accession to the WTO. To overcome the static nature of poverty mapping, this study combines the SAE method with an integrated microsimulation-CGE model.
Integrated microsimulation-CGE methods were first proposed by Bourguignon et al. (2005) . They apply their method to analyze the impact of a change in the foreign trade balance before the Asian financial crisis in Indonesia. Unlike standard CGE models, an integrated microsimulation-CGE model explicitly takes account of detailed heterogeneity among households and linkages between different sectors of the economy.
It can be used to analyze a range of national level policies such as trade and taxation as well as macroeconomic shocks.
While the integrated microsimulation-CGE model allows us to identify heterogeneous impacts of trade liberalization, it provides policy makers with little useful information to support geographical targeting after or in coordination with trade policy. This is because the spatial disaggregation of the SAM is usually very limited, and thus the CGE model allows very limited spatial disaggregation. It is only by embedding the SAE method in an integrated microsimulation-CGE model that we can adequately represent the spatial distribution of poverty after trade liberalization and in response to complementary policies.
As noted before, for present discussion we use per capita household income as a measure of welfare. We find a scaling factor for each segment of the economy so that non-wage household income, individual wages and labour supply in the survey sum up to the corresponding macroeconomic figures in the CGE. Formally, this is equivalent to solving for scaling factors SC in the following equations:
In Eq(1)-Eq(4), the subscript l is the labour segment, which is a combination of skilled/unskilled, male/female and urban/rural. The subscript m represents the household segment, which is urban/rural. The left-hand-side variables WGI, NWI, TNW and TNS are aggregate wage income, non-wage income, the total number of wage earners and total number of self-employed individuals in the SAM. w, y, IW and IS are respectively the individual wage income, non-wage household income, indicator variable for being a wage-earner, and indicator variable for being a self-employed individual. The function f(h,i) maps the individual i in household h to the labour segment the individual belongs to. The function g(·) maps household h to urban or rural area. 3 To elucidate the spatial incidence of trade liberalization, we first estimate poverty measures for small areas before the trade liberalization. This step is conceptually similar to the standard SAE approach. The difference is that we use multiple equations for this estimation. We assume that w, y, IW and IS are related to individual or household characteristics through following equations:
Ind > sup ,
In Eq(5), individual logarithmic wage is related to individual characteristics hi x i. 4 In Eq(6), logarithmic household non-wage income is related to household characteristics h z and the number of self-employed individuals in the household h S . Labour supply is modeled by Eq(7) and Eq(8), where individual characteristics hi v are related to the 'utility' from being a wage-earner and self-employed. Eq (9) simply states that the number of self-employed is the sum of hi IS over the set of individuals h \ within household h. The per capita household income h H is, of course, the sum of wage and non-wage income earned by the household members divided by the household size , h N as it is defined in Eq(10).
As with the standard SAE, we consider above equations as a predictive model, using a rich set of regressors to explain the variation of left-hand-side variables in Eq(5), Eq(6), Eq(7) and Eq(8). However, regressors can only include the variables shared by the census and the survey.
We first estimate the parameters of the equations above. Only the survey data set is used at this stage. We run OLS to estimate Eq(5) and Eq(6), whereas we use a multinomial logit model to jointly estimate Eq(7) and Eq(8). Therefore, we estimate the regression coefficients , , , , , , , and and their associated variance-covariance matrix adjusted for the clustering of the survey sample. We also estimate the distribution parameters 2 μ σ and 2 η σ . We shall denote the estimates with a hat (e.g. α ).
As with Elbers et al. (2003) , we estimate left-hand-side variables in Eq(5)-Eq(10) for each census record repeated by a Monte-Carlo simulation. To allow for the error in the estimated regression coefficients, we draw regression coefficients from a multinomial normal distribution in each round of the simulation. We shall denote the drawn coefficients by superscript (r) to specify the r-th round of the simulation. In addition, we draw error terms for each census record. For example, the estimate of wage income ( ) r hi w for (census) household h and individual i in the r-th round is calculated as follows: 
where hi x comes from the census data set and It is straightforward to impute household non-wage income using Eq(6). By Eq(10), we get an estimate of the per capita household income
H . We can then obtain aggregate welfare measures such as the FGT measure of poverty, see Foster et al. (1984) . Letting p [ be the set of households in province p and z be the poverty line, the head count poverty rate ( ) r p P in province p for the r-th simulation can be written as follows:
Taking the average and standard deviation across simulations, we arrive at the point estimate of poverty rate for province p and its associated standard error. The aggregate welfare estimates derived in this manner serve as the baseline information for each province or any geographic units. We shall refer to the poverty estimates before the trade liberalization created in this way as the ex ante poverty estimates.
The next step is to simulate how much change would occur across different sectors of the economy. As with Bourguignon et al. (2005) , we need to find error terms for each survey record. It is straightforward to find hi μ and , h η because they are just the observed value minus the predicted value. When the wage data is missing, μ is drawn from the normal distribution. We also draw ˆˆ, and w s n hi hi hi u u u from a Gumbel distribution in a way consistent with the observed employment status. Therefore, combining Eq(1)-Eq(4) and Eq(5)-Eq(8) , we have the following relationship:
The macroeconomic CGE provides us with aggregate wage and non-wage household incomes in each segment of the economy, as well as the aggregate labour supply from wage-earners and self-employed individuals. In other words, we obtain aggregate macroeconomic account after the trade liberalization, which we shall denote with tilde (e.g.
l WGI
). To maintain the consistency between the left-hand-side and the right-handside of the system of equations above, we need to change at least one of the parameters in each equation. Following the method outlined by Bourguignon et al. (2005) , we assume that the macroeconomic changes are channelled through the intercepts in the above equations. Bourguignon et al. (2005) show that this assumption implies a neutrality of the change with regard to individual or household characteristics. For example, the ratio of wages in the same labour segment will not be altered before and after the trade liberalization. Similarly, the relative change in the probability that an individual has a certain occupation depends only on the initial ex ante probability of the various occupational choices, and not on individual characteristics. The problem we face is therefore equivalent to solving for the adjustment coefficients ( ) 
Results

Macroeconomic CGE
For economy-wide analysis, a macroeconomic CGE for Vietnam was calibrated to the new 2000 Vietnam SAM for a 'business as usual' baseline. This reference scenario was then used to evaluate comparative static experiments provided by GTAP global liberalization results. To implement the latter, we obtained data from GTAP on induced price and external demand changes for the purpose of re-calibrating Vietnamese exports against downward sloping external demand functions. Finally, we assume the so-called Hertel-Keeney medium-run closure. That is, all factors are fully employed before and after experiments, labour and capital are mobile across sectors, but we maintain a specific factor (land) in agriculture. There is no imperfect competition nor economies of scale or dynamic gains from trade (Hertel, 1997) .
In this paper, we compare three counterfactual scenarios to the baseline, which we call Unilateral Liberalization (UL), Full Liberalization (FL) and Doha Special and Differential Treatment (DSDT). The baseline scenario corresponds to the ex ante case.
In the UL scenario, we assume that Vietnam's last offer to the WTO is accepted, the country joins the organization. We assume that Vietnam removes all import tariffs and export subsidies. However, Vietnam's trading partners maintain baseline protection levels with respect to this country and all others. In this case, the benefits of fuller participation in the international economy are severely limited by Vietnam's inability to penetrate new markets, and the gains of domestic price reform have more limited impact on the growth of income.
The FL scenario includes the same external policy, but embeds this into a larger agenda. This scenario is calibrated to protection rates from the Vietnamese WTO offer, but further assumes that Vietnamese export prices and demand patterns shift according to consensus estimates for a FL scenario obtained using the GTAP global trade database and model. This scenario would greatly expand export opportunities for Vietnam, allowing it to take fuller advantage of efficiency gains arising from border price reforms. In the DSDT scenario, we also assume that Vietnam removes all exports subsidies, but it preserves the Special and Differential Treatment of developing countries. As such, domestic support and tariffs are reduced but not eliminated.
Aggregate comparative static results for these counterfactuals are presented in Table 2 . In terms of aggregate growth, these scenarios are generally consistent with intuition. In particular, FL is the biggest stimulus to Vietnam, followed by UL and DSDT. Real GDP rises moderately under UL and FL scenarios, but slightly declines under DSDT scenario. FL also brings about a higher level of real consumption than UL and DSDT do. This is not only a result of greater trade stimulus but also a result of improved terms of trade.
Our CGE results show that textiles, technology, and machinery sectors expand significantly, accompanied by construction, and trade and transport services, while the agricultural sector remains prominent as shown in Table 3 . More fundamentally, these results begin to reveal the mechanisms by which external liberalization can affect poverty and inequality in Vietnam. Like many developing countries, Vietnam's poor majority are farmers living at or near the subsistence level. Their assets are generally limited to labour, small land holdings of uncertain quality and livestock. In the Asian context, external liberalization has generally provided the most direct growth impetus to urban populations through expansion of light, intermediate, and heavy industrial activities. The majority of the rural poor have two channels by which they can participate in urban based growth, migration and marketing of food products. The comparative static model used here does not model the former, so we confine our attention to changing income opportunities.
The sectoral results of Table 3 presage our subsequent poverty analysis. The most important difference between the scenarios in this context has to do with food prices and domestic output responses. Under the UL scenario, food prices are suppressed by import liberalization and farmers suffer directly and indirectly. In the case of FL, all primary food prices rise and farm output and income respond accordingly. Clearly, a low income agrarian country like Vietnam needs to see significant agricultural returns from any multi-lateral trade agreement, if its poor rural majority are to benefit in the short or medium term.
Changes in poverty rates after trade liberalization
As noted in the previous section, our analysis starts by looking at the spatial distribution of poverty under the Baseline (ex ante) scenario. We estimated relevant parameters in Eq(5)-Eq(8) using the VLSS data set.
For Eq(5), we simply ran OLS for each wage-earner of the eight labour segments to find coefficients. The R 2 statistic varied from 0.24 to 0.42, depending on the labour segment. For Eq(6), we ran OLS of logarithmic non-wage income for urban and rural areas, capturing about 35 per cent and 38 per cent of variations. There are about 1.2 per cent of households without any non-wage income, and they were excluded from the estimation. Multinomial logit regressions were run to estimate Eq(7) and Eq(8) for each labour segment. We were able to predict 73 per cent of the individuals correctly after applying the relevant weights. Detailed estimation results are reported in the Appendix.
The macroeconomic CGE results also gives us the aggregate wage income for each combination of skilled/unskilled, male/female and urban/rural as well as the non-wage income for rural and urban households. This allows us to calculate the adjustment coefficients by solving Eq(13)-Eq(16). The adjustment coefficients for each scenario are also reported in the Appendix.
We first imputed the household income for each census record for each round of the Monte-Carlo simulation without applying the adjustment coefficients. We then calculated poverty rates for each province using Eq(12) and plotted them on a map as shown in Figure 1 , which we shall call the baseline map. The maximum, minimum and average standard error for the provincial-level estimate of poverty rate were 11.6 per cent, 0.4 per cent and 2.1 per cent respectively. Thus, while there are a few provinces with quite high-levels of standard errors, provincial-level estimates are on average accurate enough to justify this presentation.
To see how our estimates correspond to others in the literature, we first calculated the poverty rate for Vietnam. The point estimate and its associated standard error were 34.6 per cent and 0.7 per cent respectively. The difference between this estimate and the survey-only estimate is not significant. However, the gap is not as small as one would usually find in the standard small-area estimation. This is possibly because we need to estimate many more equations than the standard method. We also plotted the provinciallevel estimates of our income poverty rates against the provincial-level consumption poverty rates calculated by Minot et al. (2003) . There is a moderately strong correlation between the two measures with the correlation coefficient of 0.4. Overall, our baseline estimates of poverty seem reasonable.
In order to see how income poverty changes after Vietnam's accession to the WTO under various scenarios, we applied the adjustment coefficients and re-calculated the household income for each census household and for each scenario. Then, we recalculated the poverty rates for each province. This yields ex post estimates of poverty. The ex post estimates of poverty in Vietnam has decreased by 0.8 per cent and 6.8 per cent under the UL and FL scenarios respectively. However, under the DSDT scenarios, the national poverty rate increased by 0.6 per cent. Again, we see that the FL helps reduce poverty most.
We also looked at changes in poverty rates at the provincial-level. Figure 3 shows the spatial incidence of trade policy under the UL scenario. Figure 4 and Figure 5 are for the FL and DSDT scenarios respectively. In each map, lighter colours represent higher levels of improvement or lower levels of aggravation in terms of the provincial-level poverty rate. In other words, the lighter colours get relatively more beneficial impacts from trade liberalization.
Three salient points deserve emphasis here. First, the magnitude of the impact of trade policy on poverty can vary quite substantially across the country. Under the FL scenario, one province achieves 14.3 per cent lower headcount poverty, while another province only achieves 2.4 per cent reduction. This difference is adducible to differences in the initial distribution of income, as well as heterogeneity in the composition of households and individuals. Under the UL and DSDT scenarios, spatial differences in absolute terms are much smaller because the changes in aggregates are also smaller.
Second, the trade liberalization appears to be consistent with poverty reduction overall. The correlations between the ex ante poverty rates and the changes in poverty after trade liberalization at the provincial level are -0.26, -0.71 and -0.60 for the UL, FL and DSDT scenarios. This suggests that the FL scenario not only achieves the largest poverty reduction among all the scenarios, but helps the most impoverished areas. This point may be more clearly seen from Figure 6 . It plots the ex ante poverty rate against the change in poverty rate under the FL scenario. It shows that the reductions in poverty rate are generally higher for the areas that are poor ex ante. On the other hand, the change in poverty rates varies substantially among the provinces with similar ex ante poverty rates.
The third point to note is that the spatial pattern is similar across all the scenarios considered. We generally see greater improvement (or less adversity in case of the DSDT scenario) in poverty along the coastal areas, whereas the northwest of Vietnam and the Lao-Vietnam border areas will not see much improvement. On the other hand, the lagging northwestern provinces are of particular concern because the poverty rates are already high there. It might therefore be desirable to target further assistance to this region. So far, we have ignored changes in the consumer prices. To account for this, we divided the poverty line by the ex post consumer price index. This treatment is rudimentary because we cannot capture potential differences in the changes in consumer prices across the country. However, we can estimate the magnitude of price effects in aggregate terms. If we account the changes in the consumer prices, there will be additional real benefits of 1.4 per cent and 0.3 per cent for the UL and FL scenarios in poverty reduction. Under the DSDT scenario, the increase in poverty rate will be reduced to just 0.4 per cent.
Conclusion
This study explored the spatial dimension of poverty associated with Vietnam's accession to the WTO. While Vietnam as a whole is likely to benefit from the accession, the degree and spatial composition of poverty reduction across the country is more ambiguous. The main constraint in this context is estimating the spatial incidence of structural adjustments arising from trade liberalization. By combining the integrated microsimulation-CGE model with the small area estimation technique, we were able to overcome this constraint.
Our simulation results show that aggregate poverty will decrease when Vietnam removes all import tariffs and export subsidies. The amount of improvement will be even larger when other countries also remove tariffs against Vietnamese products. On the other hand, the DSDT scenario leads to a slight increase in poverty.
As Figures 3-5 show, the impacts of Vietnam's accession to the WTO are spatially heterogeneous. The heterogeneity is particularly large under the FL scenario. Our study suggests that poor provinces in the northwestern regions may benefit little from trade liberalization. This is of concern from the view point of spatial equity within the country. Further, spatial heterogeneity in poverty reduction affects the efficiency of the targeting policies. Thus, our estimates provide guidance for policy-makers to develop targeting policies that complement trade liberalization policies. More effective targeting will conserve public resources and prevents poor areas from lagging further behind national growth.
The method we developed in this study has relevance to many other economic policy issues. For example, we can simulate the spatial incidence of exogenous price shocks or hypothetical taxes and other fiscal instruments. While the amount of computation and data requirements (survey, census, and social accounting matrix) may be significant, there are many countries that already possess such resources. Geographic targeting is already widely used in developing countries, but it is often formulated independently of their macroeconomic policies. Our method of combining the integrated microsimulation-CGE model with small-area estimation provides an opportunity for linking the two to achieve a more complete set of microeconomic and macroeconomic objectives. There are three subsections in this Appendix. Section A1 provides the regression results for the wage equation Eq(5) and the adjustment coefficients for Eq(13). Section A2 provides the non-wage household income equation Eq(6) and the adjustment coefficient for Eq (14) . Section A3 provides the regression results for the employment status equations Eq(7)-Eq(8) and the adjustment coefficients for Eq(15)-Eq(16). SDBR stands for shortest distance by road. In each table, we present the estimated coefficients and its associated standard errors on the top part of the table. In the middle part of the table, we present some diagnostic statistics for the regression. In the bottom part, we present the adjustment coefficients. Note: *city with population greater than 1,000,000. 
A1 Wage equation
Note: *city with population greater than 10,000 **city with a population greater than 100,000 **city with a population greater than 250,000. Note: *city with population greater than 250,000. Note: *city with population greater than 50,000. Note: *city with population greater than 250,000 **city with population greater than 1,000,000. Note: *city with population greater than 10,000 **city with population greater than 250,000 ***city with population greater than 1,000,000. Note: *city with population greater than 10,000. Note: #city with population greater than 50,000 *city with population greater than 100,000 **city with population greater than 250,000 ***city with population greater than 1,000,000. Note: *city with population greater than 10,000 **city with population greater than 250,000 ***city with population greater than 1,000,000. 
A2 Non-wage income equation
A3 Employment status equations
